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Abstract

Dense softmax attention assigns non-zero
mass to every visible key, allowing irrele-
vant context tokens to dilute value aggrega-
tion. We introduce REFOCUS, a training-free
inference-time sparsifier that removes post-
softmax entries below a row-local uniform-
reference threshold and renormalizes the sur-
viving mass. REFOCUS requires no re-
training, prompt changes, or cross-step statis-
tics. Across three dense 4-8B backbones
and six metrics, it improves 15 of 18 model-
benchmark cells, ties two, and incurs one
—0.09 point regression. It also transfers to
Qwen3-30B-A3B, improving HumanEval and
WinoGrande by 0.61 and 0.47 points. Un-
der five-seed stochastic decoding on Qwen3-
4B, REFOCUS wins 23 of 25 seed—benchmark
comparisons, and bootstrap confidence inter-
vals for all five benchmarks exclude zero. Re-
sults on HELMET at 8k further show two im-
provements, two ties, and one small regression
across five application-oriented categories.
These findings support uniform-reference fil-
tering as a simple accuracy-oriented modi-
fication to dense attention; the current un-
fused implementation does not claim inference
speedups.

1 Introduction

Transformer-based language models rely on multi-
head attention (Vaswani et al., 2017), where every
query token attends to all keys in its causal context
via a softmax operator. By construction, softmax
assigns strictly positive probability mass to every
visible key, regardless of relevance to the current
prediction. In realistic prompts, spanning chain-
of-thought reasoning, code synthesis, and long-
document tasks, only a small fraction of keys carry
genuine signal (Xiao et al., 2024; Sun et al., 2024);
the rest consist of filler tokens, formatting char-
acters, repetitions, and stale intermediate context.
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Because the softmax is dense by design, probabil-
ity mass that would otherwise concentrate on in-
formative keys spreads across this low-signal tail,
diluting the attention output and, we argue, degrad-
ing downstream accuracy (Liu et al., 2024a).

Prior work on sparse attention (Child et al.,
2019; Beltagy et al., 2020; Zaheer et al., 2020) ad-
dresses this by restricting each query to a struc-
tured subset of keys. These methods are moti-
vated primarily by efficiency: reducing the O(n?)
cost of full attention for long sequences. As a re-
sult, they typically require retraining or architec-
tural changes, and accuracy preservation is treated
as a constraint rather than a goal. A complemen-
tary line of work prunes the KV cache at infer-
ence time (Zhang et al., 2023; Li et al., 2024; Liu
et al., 2023), but these methods track attention
statistics across decoding steps and operate at the
KV-eviction level rather than modifying the per-
step softmax distribution.

We ask a different question: can post-softmax
sparsification, without any training, improve down-
stream accuracy by removing the diffuse tail of
task-irrelevant attention mass? We introduce RE-
FOCUS, a training-free, plug-and-play attention
sparsifier that applies a single per-row threshold
to the post-softmax distribution and renormalizes
the surviving entries. The threshold is length-
normalized: for each row, it is set as a global prun-
ing strength divided by the number of causally vis-
ible keys in that row. This keeps the rule compara-
ble across short and long contexts while using only
one global hyperparameter. The threshold has a
clean uniform-reference reading: it removes any
key whose post-softmax mass falls below a fixed
fraction of the per-key mass under the row-local
maximum-entropy (uniform) baseline, i.e., keys
that carry less mass than this uniform baseline al-
lots them. A mild constraint on the global scalar
structurally guarantees that the row argmax always
survives, keeping the renormalization denomina-
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tor strictly positive without any numerical floor.

We evaluate REFOCUS across heterogeneous
short- and long-context tasks to test whether this
simple rule generalizes beyond a single bench-
mark family. Empirical results show a consis-
tent non-regression trend relative to dense atten-
tion and improvements on tasks where evidence
is dispersed across many weakly relevant tokens.
We also observe stronger gains on long-context
aggregation settings, supporting the core hypoth-
esis that filtering sub-uniform attention mass re-
duces noise in value integration. Importantly,
REFOCUS remains lightweight in practice: it
can be enabled in HuggingFace through a cus-
tom attn_implementation="refocus” forward,
without retraining. Contributions of this work in-
clude:

* Method. We propose REFOCUS, a training-
free and plug-and-play post-softmax sparsifi-
cation rule that applies a length-normalized,
row-wise threshold and renormalizes surviv-
ing entries. The method uses a single global
hyperparameter and requires no retraining or
architecture modification.

* Principle and guarantees. We give a
uniform-reference interpretation of the thresh-
old and show why renormalization remains
well-defined under a mild constraint on the
threshold scale. We further analyze key design
choices (per-row vs. global thresholding and
geometric vs. data-driven visible-key count-
ing) and quantify their empirical impact (§3,

§6).

* Empirical evidence. We provide a cross-
task and cross-model evaluation covering
short-context reasoning/coding tasks and
long-context  retrieval/aggregation  bench-
marks, complemented by five-seed sampling,
training-free baselines, MOoE transfer, and
application-oriented long-context evaluation.

2 Related Work

2.1 Sparse Attention and Inference-Time
Pruning

A large body of work reduces the quadratic cost of
full attention by restricting each query to a struc-
tured subset of keys. Pattern-based methods com-
bine local windows with global tokens (Beltagy
et al., 2020; Zaheer et al., 2020) or use strided
and fixed sparsity patterns (Child et al., 2019). Re-

former (Kitaev et al., 2020) approximates full at-
tention via locality-sensitive hashing. These meth-
ods require pretraining or fine-tuning on the target
sparse pattern and address efficiency rather than
per-step attention quality. Linear attention and Per-
former instead approximate the softmax operator
with kernelized feature maps (Katharopoulos et al.,
2020; Choromanski et al., 2021); unlike REFO-
CUS, they replace the dense attention computation
itself.

The closest training-free alternatives mod-
ify attention at inference time. Top-0 Atten-
tion (Berestizshevsky et al., 2025) calibrates per-
head thresholds to approximate a fixed top-£ reten-
tion target and introduces compensation terms to
limit output drift. Attention calibration (ACT) sup-
presses hidden attention sinks on heads selected
using task-specific calibration data (Yu et al.,
2024). REFOCUS differs in using one calibration-
free, length-normalized threshold on every row.
We compare these methods directly in Section 5.4.

A related phenomenon is the attention sink: a
small number of initial tokens consistently ac-
cumulate disproportionate attention mass across
layers and heads (Xiao et al., 2024; Yu et al.,
2024; Sun et al., 2024). StreaminglL.LM (Xiao
et al., 2024) exploits this to enable infinite-context
decoding by retaining sink tokens and a local
window. HsO (Zhang et al., 2023) and Scis-
sorHands (Liu et al., 2023) identify important to-
kens via cumulative attention scores and evict the
rest from the KV cache. SnapKV (Li et al., 2024),
PyramidKV (Cai et al., 2024), and FastGen (Ge
et al., 2024) refine KV eviction with observation-
window pooling, layer-wise budget allocation, and
head-adaptive policies, respectively. Yehezkel
et al. (2024) show that sparsification mechanisms
can be exploited adversarially, underscoring the
sensitivity of attention distributions to targeted per-
turbations. These methods operate on the KV
cache across decoding steps and require cross-step
statistics, and are orthogonal to KV quantization
approaches such as KIVI (Liu et al., 2024b); RE-
FOCUS instead filters the per-step post-softmax
distribution with no memory of prior steps and no
learned components.

2.2 Long-Context Evaluation

Standard short-context benchmarks are insuf-
ficient to characterize sparse attention behav-
ior, since the low-signal tail of attention mass
grows with context length. The Needle-in-a-
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Haystack (NIAH) family (Kamradt, 2023) probes
single-item retrieval from long distractor con-
texts but does not stress evidence aggregation.
RULER (Hsieh et al., 2024) provides a more com-
prehensive synthetic suite with controlled distrac-
tor density, covering retrieval, aggregation, vari-
able tracking, and QA under flexible context
lengths—tasks that stress the attention distribution
in qualitatively different ways. HELMET (Yen
et al., 2025) complements synthetic diagnostics
with seven application-oriented categories, includ-
ing retrieval-augmented generation, reranking, ci-
tation, and in-context learning. We use RULER
at 4k and 8k for controlled analysis and HELMET
at 8k to test transfer to more realistic long-context
applications.

3 REFOCUS: Uniform-Reference
Attention Sparsification

A central practical challenge for sparse attention
is preserving model quality while removing low-
value attention mass. REFOCUS is designed for
this setting as Figure 1 shows: it is a post-softmax,
inference-time rule that can be inserted into exist-
ing dense attention code without retraining. Intu-
itively, the method treats each attention row as a
probability budget, removes entries that are too
weak relative to a row-local baseline, and redis-
tributes that budget over the remaining entries.

3.1 Threshold Design and Sparsification
Steps

Let S € RB>*H>xLaxLk denote scaled and causally
masked logits, and let A = softmax(.S) denote
dense attention. REFOCUS applies a row-wise op-
erator to A: it computes a row-dependent thresh-
old, suppresses entries below that threshold, and
renormalizes the remaining mass. This keeps the
downstream interface unchanged while reducing
the diffuse low-probability tail.

Step 1: per-row uniform-reference threshold.
For each query row ¢, let Lfﬁ be the number of
causally visible keys. Under a pure causal mask
with cached prefix length Ly — L, we have

LY = (Ly—L)+i+1,  ie{0,...,L,—1}.
(D
The threshold is then defined as
«o
T, = L¢H7 a € [071) (2)
3

We use @ = 0.5 in main experiments. Row-wise
normalization is important: early rows (short visi-
ble context) are not over-pruned, while later rows
(longer visible context) use proportionally smaller
absolute cutoffs.

Step 2: drop sub-uniform keys. Define the
keep mask
Mphi; = HApnij > T, 3)

broadcast across b, h for each row threshold 7;.
The filtered distribution is

Abhig = Abhij Mbhij- 4

This removes the diffuse tail while preserving
higher-confidence entries.

Step 3: row-wise renormalization. The final
REFOCUS distribution is the row-normalized ver-
sion of A:

i _ Abniy
bhij = = :
> Ab g

Attention output is then computed as usual, O =
AV. Therefore, REFOCUS is a drop-in replace-
ment at the post-softmax stage rather than a new
attention operator. Algorithm 1 summarizes the
full per-layer forward pass.

The largest entry in any row is at least the row
average. Under causal masking, that average is
1/L$%. Since REFOCUS uses 7; = o/ LT with
a < 1, the row maximum must be strictly above
threshold, so at least one key always survives.
Therefore, the denominator in Eq. (5) is strictly
positive and no numerical fallback is needed. Fig-
ure 2 illustrates this on a real attention row: the
bulk of entries lie well below 7; but carry negligi-
ble probability mass, so renormalization remains
numerically stable while a small set of dominant
keys absorbs the redistributed budget.

®)

Equivalence to a re-softmax on biased logits.
Step 2 + Step 3 are mathematically equivalent
(up to floating-point precision) to subtracting a
large constant C' on the pre-softmax logits at the
dropped positions and re-softmaxing:

A = softmax(S — C-(1—m)). (6)

We adopt the post-softmax form (Eq. 5) because
it is one extra elementwise comparison, multipli-
cation and row-sum on top of the dense path—
no second softmax call, no additional logit-tensor
materialization—and because it makes the per-row
7; trivially broadcastable.
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REFOCUS: Attention Pruning inside Transformer Decoding
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Figure 1: Overview of the proposed REFOCUS attention pruning framework. The method is integrated into the
self-attention module of a standard Transformer decoder layer, where low-probability attention links are identified
by a thresholding rule, masked before normalization, and compared against a dense-attention baseline through

downstream task evaluation and ablation analysis.

Algorithm 1 REFOCUS attention forward (per
layer, per head)

RBXHXLqxLk causal

Input: Scaled pre-softmax logits S €
mask, value matrix V, scalar a € [0, 1)
Output: Attention output O
1: A + softmax(S + causal_mask)

masked entries = 0

> dense softmax;

2: if a > 0 then

30 L (Lpy—Ly)+i+1, i=0,...,L,—1 »
Eq. (1)

4: T a ) LT > per-row threshold, Eq. (2)

5: ;&b hyij S Ab Jhiyg l[Ab,hﬂ;,]' Z Ti] > zero
sub-uniform keys

6: Abhzg%Abhz,g/Z Abh” > row renorm.,
Eq. (5

7: else _

8: A+~ A > a = 0 recovers dense eager

9: end if ~

10: return O = AV

3.2 Design Choices and Guarantees

Per-row, not global, length normalization. A
global threshold 7 = «/ Ly, shared across all rows
is misaligned with the uniform-reference reading
under causal masking: row ¢’s uniform reference
is 1/L%, not 1/Lg, so for early rows a/ Ly, falls
well below the natural per-key scale and almost
no entries get pruned. The per-row form (Eq. 2) is
the principled choice and adds exactly one arange
and one division to the forward pass.

Qwen3-4B, layer 20, head 14 (T=3676, RULER NIAH prompt)

10-1 4 — attention weight

pruned 3433/3676 (93.4%), 0.92% mass
-- T=alLf"

10-3

10-5

10-7

attention weight

10-°

10-11

500 1000 1500 2000 2500 3000 3500
rank (attention entries sorted by magnitude)

Figure 2: Post-softmax attention weights from a sin-
gle head (layer 20, head 14) of Qwen3-4B on a 3,676-
token RULER NIAH prompt, sorted by magnitude (log
y-axis). The black dashed line is the REFOCUS thresh-
old 7; = /L% ~ 1.36 x 10~* (with a = 0.5); entries
below 7; (red shading, to the right of the red dotted
rank cutoff) are zeroed by REFOCUS and their mass
is redistributed to the survivors via row renormaliza-
tion. 93.4% of entries fall below 7;, yet account for
only 0.92% of the total probability mass—the long-
tail structure that makes noise pruning near-lossless.

Geometric vs. data-driven count of L¢T. A
natural alternative to Eq. 1 is to count visible keys
from tensor values, Lfff = #{j : Appi; > 0}
Under pure causal masking (no padding), the two
are mathematically equivalent. In mixed precision
(fp16/bf16), however, very small but valid proba-
bilities can underflow to exact zero, which causes
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the data-driven count to underestimate visibility,
inflate 7;, and over-prune entries. Empirically, on
HumanEval with Qwen3-4B at a = 0.5, the ge-
ometric form scores 78.05 vs. 76.83 for the data-
driven form. We therefore use Eq. 1 as the default
in this paper. For masking schemes beyond pure
causal masking (e.g., padding or sliding windows),
a data-driven visible-set definition should be used.

Length-normalized, not absolute. Using 7; =
o/ LT instead of an absolute constant ensures the
pruning aggressiveness self-calibrates as the con-
text grows. At L¢T = 100 we keep entries above
0.005; at L?H = 8000 we keep entries above
6.25 x 107°. Because the average per-key mass
under any attention distribution over Lfﬂ visible
keys is by definition 1/ Lfﬁ, an absolute threshold
(e.g., 0.01) would be far too aggressive at long con-
texts and far too lax at short contexts.

No additional learnable parameters. REFO-
CUS introduces exactly one hyperparameter o and
zero trainable weights. It can therefore be inserted
into any pretrained transformer at inference time
with no additional training or fine-tuning. o = 0
recovers dense eager attention exactly (the keep
mask becomes all-ones), so the same checkpoint
can be served in both modes by toggling a single
scalar.

3.3 Implementation

REFOCUS is implemented as a sin-
gle self-contained attention forward
(refocus_attention.py) and registered into
HuggingFace Transformers’ attention dispatch
table. Once registered, loading a model with
attn_implementation="refocus” routes at-
tention through the REFOCUS forward without
requiring any model-code edits. The runtime
sparsification strength is controlled through a
single global scalar a.

Inside the forward pass, the sparsification logic
is intentionally minimal: after the dense causal
softmax, the method computes a per-row visible-
key count, derives 7; = «/ Lfﬂ, masks probabil-
ities below the threshold, and renormalizes each
row. This preserves the dense pipeline structure
while adding only lightweight elementwise opera-
tions and one row-wise sum/division. A reference
implementation of the core sparsification block is
given in Appendix B.

Three implementation details are worth flag-
ging. (i) The per-row 7; tensor has shape

[1,1, Ly, 1] and is broadcast across B, H at no
memory cost. (ii) The closed-form arange cap-

tures both the prefill regime (L, = Ly, ie,
7; = «/(i + 1)) and the incremental decoding
regime (L, = 1, ie., a single 7 = o«/Ly)

without a code branch. (iii) HuggingFace mate-
rializes a 4-D additive causal mask only for the
named "eager"” forward; custom forwards includ-
ing REFOCUS receive attention_mask=None
and must construct the additive causal bias them-
selves. The reference implementation includes a
short _build_causal_mask helper for L, > 1 and
skips it on L, = 1 (which is trivially causal).

4 Experimental Setup

Table 1 summarizes the models and benchmarks
used in this work.

Category Item Description

Model Qwen3-4B  (Team, Primary model in nothink mode
2025) (enable_thinking=False); also

used for multi-seed robustness tests.

Model Dense 8B backbones Qwen3-8B and Llama-3.1-8B-

Instruct, evaluated under the same
greedy protocol.

Model Qwen3-30B- Mixture-of-experts transfer setting
A3B (Team, 2025) with 30B total and 3B active param-

eters per token.

Benchmark GSMSK (Cobbe Grade-school arithmetic reasoning
etal., 2021) (chain-of-thought style evaluation).

Benchmark ~ HumanEval (Chen Python function synthesis benchmark
etal., 2021) (pass@1).

Benchmark ~ WinoGrande (Sak- Commonsense pronoun resolution
aguchi et al., 2020) (binary choice).

Benchmark ~ MMLU- Multiple-choice  multitask ~ QA,
STEM (Hendrycks STEM subset (19 subjects, 3,153
etal., 2021) items).

Benchmark ~ RULER (Hsieh Long-context suite with 13 sub-tasks
et al., 2024) (ctx € across NIAH retrieval, aggregation
{4096, 8192}) (fwe+cwe), variable tracking (VT),

and QA families.

Benchmark ~ HELMET (Yen Five  application-oriented  cate-

et al.,
(ctx = 8192)

2025)

gories with reference-based metrics;
LongQA and summarization are
omitted because they require an
external model judge.

Table 1: Models and benchmarks used in the experi-
mental setup. All benchmarks are evaluated on full test
splits without sub-sampling.

Baseline and REFOCUS configuration.
The dense baseline uses HuggingFace’s
standard attn_implementation="eager"
forward. REFOCUS is enabled via

attn_implementation="refocus" with o = 0.5
for all main-table results. Both configurations
share identical model weights, prompts formatted
with the chat template, and decoding hyperpa-
rameters (do_sample=False); the only difference
is the attention forward. Because decoding is
deterministic, no random seed is required and
each greedy result is a single full-split run.
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Stochastic robustness protocol. To quantify
sampling variability, we additionally evalu-
ate Qwen3-4B with temperature=0.6 and
top_p=0.95 using five paired seeds (42, 123,
2024, 7, and 314). Dense and REFOCUS use the
same seed for each comparison. We report means
and standard deviations across seeds, paired one-
sided tests, and paired bootstrap 95% confidence
intervals for the accuracy difference. Alternative
sampling settings are reported in Appendix C.

5 Results

We compare REFOCUS with the dense eager
baseline under identical prompts and decoding set-
tings. Deltas are score-point differences on full
test splits or the category-specific metrics indi-
cated below.

5.1 Short-Context Benchmarks

REFOCUS improves 15 of 18 model-benchmark
cells, ties two, and has one —0.09 pp regression.
Qwen3-4B improves on all tasks (+1.21pp on
average), with its largest gains on HumanEval
(+1.83) and WinoGrande (+1.81); Qwen3-8B
also improves throughout (4-0.80 pp on average).
Llama-3.1-8B gains on three tasks, ties two, and
slightly declines on RULER-4k.

The compact-model result is strongest: Qwen3-
4B with REFOCUS matches dense Qwen3-8B on
HumanEval without changing the checkpoint or
decoding budget. The same « also transfers to
RULER, averaging +0.46 and +0.37 pp at 4k and
8k. Because these are deterministic full-split eval-
uations, we treat the differences as descriptive ef-
fect sizes. Further interpretation of model scale,
denoising, and long-context behavior appears in
Appendix A.

5.2 Robustness under Stochastic Decoding

REFOCUS wins 23 of 25 paired seed—benchmark
comparisons, with one tie and one loss; all paired
bootstrap intervals exclude zero. Gains are largest
on RULER-4k and WinoGrande, while GSM8K
remains positive across all seeds. Five seeds limit
test resolution; further statistics appear in Ap-
pendix C.

5.3 Transfer to a Mixture-of-Experts Model

REFOCUS applies unchanged to Qwen3-30B-
A3B and improves HumanEval and WinoGrande
by 4+0.61 and +0.47 pp, respectively. This sup-

ports initial MoE transfer, but only across two
tasks.

5.4 Comparison with Training-Free
Alternatives

Tuned attention top-p achieves the best Qwen3-
4B WinoGrande score, but becomes worse than
Dense at p = 0.7; temperature sharpening is sim-
ilarly sensitive. All tested REFOCUS thresholds
improve over Dense. On Llama-3.1-8B, REFO-
CUS improves without calibration, while Top-6
degrades and ACT is a no-op. Thus, REFOCUS is
a stable calibration-free rule, not always the best
tuned single-task transformation.

5.5 Long-Context Evaluation: RULER at 4k
and 8k

RULER gains are concentrated in aggregation:
REFOCUS improves this family by +7.10pp at
4k and +3.70pp at 8k, driving overall gains of
+1.32 and +0.64pp. NIAH and variable track-
ing remain near ceiling, while QA changes by only
+4-0.10 and —0.10 pp. The result therefore supports
improved long-context aggregation, not a univer-
sal gain across long-context behaviors.

5.6 Application-Oriented Long Context:
HELMET

HELMET shows two improvements, two ties, and
one small regression. The largest gain is +0.52 on
many-shot ICL, while citation drops 0.20. These
results support preservation rather than uniform
improvement. LongQA and summarization are
omitted because they require an external model
judge.

6 Analysis

6.1 Effectof o

We sweep a € {0.10,0.25,0.50,0.75,0.90} on
Qwen3-4B to characterize the sensitivity of REFO-
CUS to its single hyper-parameter. Table 8 reports
test-set accuracy on GSMS8K, HumanEval, and
RULER-4k together with the model-wide pruning
ratio induced by each « (the layer-wise breakdown
is deferred to Fig. 3). Three observations are worth
highlighting.

Strict non-regression across the entire sweep.
Every value of « from 0.10 up to 0.90 matches
or exceeds the dense baseline on all three bench-
marks. This is a much stronger property than
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Short-Context Accuracy (%)

Long-Context (%)

Model Config
GSMSK HumanEval WinoGrande MMLU-STEM RULER-4k RULER-8k

Qwen3-4B Dense (eager) 86.28 76.22 58.88 74.12 86.00 82.91
REFOCUS (a=0.5)  86.88 78.05 60.69 75.17 87.32 83.55
Owen3-8B Dense (eager) 88.78 78.05 64.01 77.48 92.74 88.51
REFOCUS (a=0.5)  89.46 80.49 64.64 78.05 92.89 88.85
2 1.em Dense (eager) 78.70 60.98 55.88 67.81 95.35 92.02
Llama-3.1-8B-Instruct - o peocUs (0=0.5)  78.70 60.98 57.30 67.84 95.26 92.15

Table 2: Accuracy on full test splits. Dense and REFOCUS share identical weights, prompts, tokenizers and
greedy decoding settings; the only difference is attn_implementation. Bold indicates the higher value within
each dense/REFOCUS pair, with ties left unbolded. HumanEval reports pass@ 1; RULER reports strict full-match
across all 13 sub-tasks at ctx € {4096, 8192}; all other columns report exact-match or multiple-choice accuracy.

Benchmark Dense (%) REFOCUS (%) A (pp) Bootstrap 95% CI W/T/L
RULER-4k 84.27+0.19 86.194+0.24 +1.91 [+1.62,+2.21] 5/0/0
WinoGrande 58.66+0.22 60.54+0.09 +1.88 [4+1.70,4-2.07] 5/0/0
HumanEval 76.10+1.17 77.20+£0.70 +1.10 [4+0.37,4+2.07] 4/1/0
MMLU-STEM 73.974+0.34 74.84+0.55 +0.87 [4+0.27,41.42] 4/0/1
GSMSK 86.8740.48 87.26+0.24 +0.39 [4+0.12,40.74] 5/0/0

Table 3: Five-seed results on Qwen3-4B with temperature sampling (I' = 0.6, p = 0.95). Values are mean £
standard deviation over paired seeds. Confidence intervals are paired bootstrap intervals for the REFOCUS minus
Dense difference. W/T/L counts seed-level wins, ties, and losses.

WinoGrande Decoding becomes shorter, not longer.

The

average number of generated output tokens on
GSM8K monotonically decreases from 245.9

Configuration HumanEval
Qwen3-30B-A3B, Dense 80.49 69.22
Qwen3-30B-A3B, REFOCUS 81.10 69.69
A (pp) +0.61 +0.47
Table 4: Greedy-decoding transfer results on the

Qwen3-30B-A3B mixture-of-experts model.

.,

“a = 0.5 happens to work™: the per-row thresh-
odr = «af Lfﬁ behaves as a robust knob rather
than a fragile hyper-parameter.

Aggressive pruning is compatible with high ac-
curacy. At o = 0.5 the model already zeroes
out 81.9% of post-softmax entries on average—
and the best GSM8K accuracy (87.79, a €
{0.75,0.90}) occurs at pruning ratios above 85%,
where less than one in seven entries remain
non-zero. This empirically supports the central
premise of the paper: the dense softmax distributes
mass over many sub-uniform entries that carry no
useful signal, and removing them is information-
preserving rather than information-destroying. As
Fig. 3 will show, this behaviour is not localised to a
few outlier layers: the per-layer pruning ratio stays
above 42% in every single layer even at o = 0.10,
so the sub-uniform tail is a global property of the
attention distribution.

(dense) to 231.1 (o = 0.90)—a reduction of about
6%—while accuracy increases. REFOCUS there-
fore does not pay for its accuracy gain with longer
chain-of-thought; on the contrary, removing sub-
uniform tail mass appears to make the model com-
mit to its answer slightly faster.

The fact that GSM8K and RULER-4k keep
improving through aggressive settings while Hu-
manEval peaks at & = 0.5 confirms that the task-
wise optimum is not universal. We use a = 0.5 as
a conservative global default because it maximizes
HumanEval while improving both other tasks and
all six Qwen3-4B metrics in Table 2. If validation
data are available, the one-dimensional five-point
sweep in Table 8 provides a low-cost tuning proce-
dure; otherwise, o = 0.5 avoids the short-context
regression risk observed at larger values while re-
taining long-context gains.

6.2 Per-Layer Pruning Ratio

Figure 3 decomposes the model-wide Prune %
column of Table 8 into a per-layer profile. Two
patterns are visible. First, for every « the curve
is monotonically non-decreasing in depth on ag-
gregate: early layers retain a denser attention pat-
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Backbone Method Setting WinoGrande (%) A (pp) Calibration
Dense attention - 58.88 - No
REFOCUS a=0.1 59.43 +0.55 No
REFOCUS a=0.5 60.69 +1.81 No
REFOCUS a=20.9 59.98 +1.10 No

Qwen3-4B Attention top-p p=0.9 61.40 +2.52 No
Attention top-p p=0.7 57.62 —1.26 No
Temperature sharpening T =0.85 60.22 +1.34 No
Temperature sharpening T=0.5 49.57 —9.31 No
Dense attention - 55.88 - No
REFOCUS a=0.5 57.30 +1.42 No

Llama-3.1-8B Top-0 (post-softmax VMC) k = 64 55.49 —-0.39 Yes
ACT B8=04 55.88 0.00 Yes

Table 5: Greedy WinoGrande comparison with training-free attention transformations. Attention top-p truncates
and renormalizes the attention distribution rather than the output-token distribution. Top-6 and ACT use their
calibration procedures; ACT selected no beneficial heads in this Llama setting. The full top-p/temperature sweep

is in Appendix D.
. RULER ctx=4096 (full-match %) \ RULER ctx=8192 (full-match %)
Configuration
NIAH Agg. VT QA Avg |[NIAH Agg. VI QA Avg
Qwen3-4B, Dense (eager) 97.02 5090 100.0 70.00 86.00 | 97.23 34.10 99.80 66.00 82.91
Qwen3-4B w/ REFOCUS (a=0.5) 97.38 58.00 100.0 70.10 87.32 | 97.38 37.80 99.80 6590 83.55

A (pp) +0.36

+7.10 0.00 +0.10 +1.32|+40.15 +3.70 0.00 —0.10 +0.64

Table 6: RULER results on Qwen3-4B at ctx € {4096, 8192} (greedy decoding, full split, 6,500 examples per
context). Columns aggregate the 13 sub-tasks into the four standard RULER families: NIAH (8 needle-in-a-
haystack variants), Agg. (cwe, fwe aggregation), VT (variable tracking) and QA (ga_1, ga_2). All numbers are
strict full-match accuracy; Avg is the micro-average across all 6,500 examples. REFOCUS matches or exceeds
Dense on every family except a single —0.10 pp on QA at ctx = 8192.

Category Metric Dense REFOCUS A
Recall substr. EM  100.00 100.00 0.00
RAG substr. EM  65.00 65.00 0.00
Rerank NDCG@10 69.65 69.95 +0.30
Cite 6-metric avg. 31.22 31.02 —0.20
ICL exact match  74.12 74.64 +0.52

Table 7: HELMET results on Qwen3-4B at 8k context
with greedy decoding and o = 0.5. RAG averages four
datasets, citation averages six metrics, and ICL aver-
ages five datasets. Metrics are heterogeneous and are
therefore not averaged across categories.

tern, while deep layers concentrate on a smaller
set of task-relevant positions and therefore expose
a larger sub-uniform tail to REFOCUS—the o =
0.5 curve, for instance, rises from roughly 69%
in the first layer to ~ 90% in the deepest lay-
ers. This is consistent with the qualitative observa-
tion that early-layer attention patterns are typically
broader (Michel et al., 2019) while later layers be-
come increasingly selective. Second, the spacing
between successive a curves shrinks rapidly: in-
creasing « from 0.5 to 0.9 adds only ~ 5pp of

Accuracy (%)

Prune %
GSMS8K HumanEval RULER-4k
0 (dense) 86.28 76.22 86.00 0.00
0.10 86.50 76.83 86.14 61.84
0.25 86.50 76.83 86.35 74.05
0.50 86.88 78.05 87.32 81.91
0.75 87.79 76.22 87.89 85.81
0.90 87.79 77.44 88.06 87.35

Table 8: « ablation on Qwen3-4B. Prune % is the
model-wide average fraction of post-softmax entries ze-
roed per row, measured on 64 chat-templated GSM8K
prefill prompts; the per-layer breakdown is plotted in
Fig. 3. Bold marks the best accuracy in each column;
a = 0 recovers exact dense eager attention.
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Per-layer REFOCUS pruning ratio vs\ depth on Qwen3-4B (64 GSM8K prompts; one curve per a;
100
90
80

@=0.1 (mean 61.81%)
504 =025 (mean 74.0\%)
a= 81.9%)

Pruned attention entries (\%)

0 4 8 12 16 20 24 28 32
Layer index

Figure 3: Per-layer pruning ratio on Qwen3-4B as
a function of «, averaged over 64 chat-templated
GSMSK prefill prompts. Each curve corresponds to
one o € {0.10,0.25,0.50,0.75,0.90}; the z-axis is the
transformer layer index (early — deep) and the y-axis
is the fraction of post-softmax entries zeroed per row,
averaged across heads, query positions and prompts.

extra pruning on average, indicating that the sub-
uniform tail mass that REFOCUS targets is con-
centrated tightly below uniform and is largely al-
ready removed at o = 0.5. This layer-wise vari-
ation also motivates future work on per-layer «
schedules, where deep layers are pushed harder
than early layers without a single global o having
to compromise between the two regimes.

7 Conclusion

We introduced REFOCUS, a training-free
post-softmax sparsifier that applies the length-
normalized threshold 7; = «/ Lfﬁ and renor-
malizes each attention row. The rule removes
sub-uniform attention mass, while o < 1 guaran-
tees that the row argmax survives. It requires only
a minimal, HuggingFace-compatible modification
to dense attention.

Across three dense backbones, REFOCUS im-
proves 15 of 18 model-benchmark cells, ties two,
and has one —0.09 pp regression; it also improves
both evaluated Qwen3-30B-A3B tasks. Five-
seed results are positive across all five Qwen3-4B
benchmarks, while HELMET indicates preserva-
tion rather than universal gains. Although tuned
attention top-p can achieve a higher single-task op-
timum, REFOCUS is more stable and requires no
calibration. These results support it as an accuracy-
oriented modification, not a speedup method. Fu-
ture work includes longer contexts, broader MoE
and multilingual evaluation, fused sparse kernels,
and per-layer « schedules.

Limitations

We evaluate three dense 4-8 B backbones and
one 30B-total/3B-active MoE model, but the
MoE study covers only HumanEval and Wino-
Grande, and detailed long-context analysis is lim-
ited to Qwen3-4B. We do not test multilingual
tasks or contexts beyond 8k, and HELMET ex-
cludes judge-dependent LongQA and summariza-
tion. The results therefore support the filtering
principle rather than fully characterize its behav-
ior across scales and applications.

The main results use greedy decoding; five-seed
sampling is limited to Qwen3-4B, and training-
free baselines are compared mainly on Wino-
Grande, so conclusions may change across tasks
or decoding strategies. The unfused implementa-
tion retains the dense attention matrix, provides
no memory reduction, and adds 1.50-1.92x pre-
fill latency, approaching 1.04 x dense latency only
for 8k decode; speedups require a fused sparse ker-
nel. Finally, row-wise thresholding may remove
individually weak tokens that are collectively im-
portant. Although a single global « is robust in our
ablations, task- or layer-specific thresholds may be
necessary in such settings.
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A Additional Discussion of Model Scale
and Long-Context Behavior

Compact-model contribution. Improving a
small backbone usually requires additional train-
ing, a larger decoding budget, or a larger model.
REFOCUS instead keeps the checkpoint, prompts,
and greedy decoding fixed. Qwen3-4B improves
across arithmetic, code, commonsense, multiple-
choice, and both RULER context lengths; on
HumanEval, it reaches the dense Qwen3-8B
score of 78.05 pass@1. This does not imply that
sparsification replaces scaling, but it suggests that
part of the compact model’s performance gap
comes from mixing irrelevant context into the
value stream rather than from capacity alone.

Denoising interpretation. For larger or satu-
rated models, removing low-probability mass may
primarily preserve accuracy. For smaller models,
the same operation can act as a lightweight de-
noising step: limited capacity may make value ag-
gregation more sensitive to diffuse attention tails.
The stronger Qwen3-4B gains are consistent with
this interpretation, although they do not establish
a causal mechanism.

Long-context behavior. The same global o im-
proves average RULER accuracy without retuning,
changing the KV cache, or modifying prompts.
The family-level gains are highly concentrated:
NIAH and variable tracking are already near ceil-
ing, QA is nearly unchanged, and aggregation im-
proves by +7.10pp at 4k and +3.70pp at 8k.
Aggregation requires combining evidence across
many distractors, where flatter attention leaves
more sub-uniform mass available to filter. We
therefore interpret REFOCUS as improving long-
context aggregation in this setting, not as uni-
formly improving every long-context behavior.

B Reference Implementation

For completeness we include the minimal post-
softmax filter used in all experiments. Given the
dense causal attention probabilities, REFOCUS re-
moves entries below the per-row threshold 7; =
o/ Lfff and renormalizes the surviving mass. The
block below is verbatim from our HuggingFace-
compatible attention backend; setting o = 0 skips
the branch entirely and recovers dense eager at-
tention exactly, while o < 1 keeps 7; < 1/L¢f,
guaranteeing that the row argmax always survives
so the renormalization denominator stays positive.

# attn_weights = softmax(QK*T / sqrt(d) +
causal_mask), shape [B, H, Lqg, LkI].
# Row i is causally visible to (k_len - g_len)
+ 1+ 1 keys.
if alpha > 0.0:
valid_count = torch.arange(
k_len - g_len + 1, k_len + 1,
device=attn_weights.device, dtype=
attn_weights.dtype,
).view(1, 1, g_len, 1)
tau = alpha / valid_count
attn_weights = attn_weights.masked_fill(
attn_weights < tau, 0.0)
attn_weights = attn_weights / attn_weights.
sum(dim=-1, keepdim=True)

C Stochastic-Decoding Details

Table 9 reports the paired tests underlying Ta-
ble 3. Tests are one-sided in the hypothesized di-
rection. The paired ¢-test does not cross 0.05 on
HumanEval, and the Wilcoxon test does not cross
0.05 on MMLU-STEM; we therefore do not claim
that every task is significant under every test. The
paired bootstrap intervals are positive for all five
tasks.

The RULER-4k gain also persists across the
four sampling configurations in Table 10, showing
that it is not specific to one temperature/nucleus
pair.

D Alternative-Baseline Sweep

For attention top-p, we sort each attention row, re-
tain the smallest prefix whose cumulative mass
reaches p, and renormalize. Temperature sharp-
ening rescales the attention logits before softmax.
Table 11 shows that both alternatives have useful
task-specific settings but are more sensitive to ag-
gressive hyperparameters than REFOCUS.

E Local Smoothing Variant

To test whether span-level evidence can protect in-
dividually weak tokens, we replace each probabil-
ity used in the keep decision by a symmetric mov-
ing average while retaining the original probabil-
ity for renormalization. A window of three gives a
small additional WinoGrande gain, but this variant
has been evaluated on only one task and is not part
of the default method.

F Full RULER-4k Breakdown
G Prototype Efficiency

We benchmark attention forwards for the Qwen3-
4B configuration (batch size 2, 32 query heads,
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Benchmark A (pp) Pairedip Wilcoxonp Bootstrap 95% CI
RULER-4k +1.91 0.000042 0.031 [+1.62,+2.21]
WinoGrande +1.88  0.000031 0.031 [+1.70,42.07]
HumanEval +1.10 0.052 0.033 [4+0.37,+2.07]
MMLU-STEM  +0.87 0.019 0.063 [+0.27, +1.42]
GSMSK +0.39 0.043 0.031 [4+0.12, +0.74]

Table 9: One-sided paired tests across five stochastic-decoding seeds.

Sampling configuration Dense REFOCUS A

T =0.6,p=0.95 84.27 86.19 +1.91
T =0.6,p=0.90 84.54 86.28 +1.74
T =1.0,p=0.90 83.29 84.74 +1.45
T=1.0,p=0.95 83.06 84.31 +1.25

Table 10: Qwen3-4B RULER-4k mean accuracy across
five seeds under alternative sampling configurations.

Method WinoGrande A

Dense attention 58.88 -

REFOCUS (o = 0.1) 59.43 +0.55
REFOCUS (a = 0.3) 59.51 +0.63
REFOCUS (a = 0.5) 60.69 +1.81
REFOCUS (a = 0.7) 59.91 +1.03
REFOCUS (a = 0.9) 59.98 +1.10
Attention top-p (p = 0.95) 59.12 +0.24
Attention top-p (p = 0.90) 61.40 +2.52
Attention top-p (p = 0.80) 59.35 +0.47
Attention top-p (p = 0.70) 57.62 —1.26
Attention top-p (p = 0.50) 41.20 —17.68
Temperature (1" = 0.85) 60.22 +1.34
Temperature (7" = 0.70) 59.19 +0.32
Temperature (1" = 0.50) 49.57 —9.31
Temperature (7" = 0.25) 29.76 —29.12

Table 11: Full Qwen3-4B WinoGrande sweep for
calibration-free attention transformations under greedy
decoding.

8 KV heads, head dimension 128, float16) on an
NVIDIA A100. Each number averages 20 timed
runs after 5 warmup iterations. These measure-
ments characterize the unfused PyTorch imple-
mentation; they are not end-to-end model through-
put measurements.

REFOCUS has the same measured peak GPU
memory as Dense in this benchmark (1.00x at ev-
ery length) because it modifies the materialized at-
tention matrix in place. It is slower during prefill
and approaches parity only for long-KV decode.
A fused sparse attention—value kernel may exploit
the induced zeros, but that optimization and any
resulting speedup remain future work.

Window Accuracy Prune ratio A
Dense 58.88 - -
1 (default) 60.69 90.3% +1.81
3 61.01 87.0% +2.13
5 60.69 84.7% +1.81
7 59.43 83.0% +0.55

Table 12: Local-smoothing ablation on Qwen3-4B
WinoGrande.
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Qwen3-4B \ Qwen3-8B

Sub-task

Dense REFOCUS A | Dense REFOCUS A
fwe 68.80 76.00 +7.20 | 87.80 88.60 +0.80
cwe 33.00 40.00 +7.00 | 91.00 92.20 +1.20
niah_single_3 92.80 96.00 +3.20 | 100.00 100.00 0.00
niah_multivalue 85.40 86.00 +0.60 | 87.80 87.00 —0.80

niah_multikey_1  99.60 100.00 +0.40 | 100.00 100.00 0.00
niah_single_2 99.40 99.60 +0.20 | 100.00 100.00 0.00

qa_2 61.20 61.40 +0.20 | 60.40 59.80 —0.60
niah_multikey_2 100.00 100.00 0.00 | 100.00 100.00 0.00
niah_multiquery  99.40 99.40 0.00 99.20 99.40 +0.20
qa_1 78.80 78.80 0.00 79.40 80.60 +1.20
vt 100.00 100.00 0.00 | 100.00 100.00 0.00
niah_single_1 100.00 99.60 —0.40 | 100.00 100.00 0.00
niah_multikey_3  99.60 98.40 —1.20 | 100.00 100.00 0.00

Table 13: Complete greedy RULER-4k sub-task results. Qwen3-4B improves on 7 sub-tasks, ties on 4, and declines
on 2; Qwen3-8B improves on 4, ties on 7, and declines on 2.

Prefill length Dense REFOCUS Top-p Temp. Top-k | RF/Dense Top-p/Dense Temp./Dense Top-k/Dense

512 0.39 0.67 1.73 0.42 1.31 1.72x 4.45% 1.06 x 3.36 %
1024 1.14 2.18 4.98 1.24 3.82 1.92x 4.37x 1.09x 3.36%
2048 8.16 12.22 23.16  8.53 15.77 1.50x 2.84x 1.05x 1.93x
4096 23.53 39.53 8490 25.03 4844 1.68x 3.61x 1.06 x 2.06 %
8192 77.48 145.68 45491 83.49 17872 | 1.88x 5.87% 1.08x 2.31x

Table 14: Prefill attention latency in milliseconds. Top-p uses p = 0.9, temperature uses 7" = 0.85, and top-k uses
the corresponding implementation from the baseline benchmark.

KV length Dense REFOCUS Top-p Temp. Top-k | RF/Dense Top-p/Dense Temp./Dense Top-k/Dense

512 0.10 0.17 0.20 0.11 0.15 1.69x 1.95% 1.08 % 1.43 %
1024 0.11 0.28 0.20 0.11 0.15 2.54 % 1.83% 1.01x 1.35%
2048 0.19 0.22 0.26 0.19 0.23 1.15% 1.37x 1.01x 1.22x
4096 0.35 0.39 0.44 0.35 0.41 1.09x 1.25% 1.01x 1.15%
8192  0.68 0.71 0.84 0.68 0.75 1.04x 1.24 % 1.01x 1.11x

Table 15: Single-token decode attention latency in milliseconds as the KV-cache length varies.

60730



